We estimate heterogeneity in returns to schooling in Indonesia using a non-parametric method of local instrumental variables. In this paper we estimate average and marginal returns to upper secondary schooling in Indonesia, using data from the Indonesia Family Life Survey (IFLS). In order to account for the fact that schooling is unlikely to be exogenous in the population, we instrument the schooling choice with the distance to the nearest secondary school, measured in traveling time. We do not focus on a single instrumental variable parameter, but instead we estimate a range of average returns for different individuals. In particular, we estimate the marginal treatment effect. We estimate that the return to upper secondary schooling varies widely across individuals with unobserved characteristics: it can be as high as 200% or as low as 0%. Our results can be informative about the distributional consequences of extending the upper secondary schooling system.
Introduction
Indonesia has an impressive record of educational expansion since 1970's. The gross enrollment rates for elementary schooling are universal and are around 75% for the secondary education (Beegle and Newhouse, 2006) . There is ongoing effort to extend universal education attainment to the secondary level through higher government expenditure on this sector. We argue that it is important to analyze the distributional consequences of such an educational expansion arising from heterogeneity in treatment effects. The returns for the marginal person attracted by decreased costs of upper secondary schooling may not be the same as the returns for the average person in the population. Hence, average returns estimated using standard instrumental variables approaches may mask considerable inequality in returns. Our finding of large heterogeneity in returns for unobservable characteristics raises an important policy relevant question, whether educational expansion at the secondary level can be combined with efforts to bridge the gap in the inequality in returns. There is growing evidence that some skills are not substitutable over life-time. Therefore, efforts such as improvement in quality of education at primary level or even earlier pre-school interventions could remove the disadvantages that hinder some of the students in secondary school.
Rates of return to schooling have been estimated for most countries in the world for which micro data is available (see, e.g., Psacharopoulos and Patrinos, 2004) . However, many of these estimates, especially for developing countries, are based on correlations between education and wages, and fail to account for the non-random allocation of schooling in the population (e.g., Card, 2001) . Recently, some studies have emerged for developing countries where the endogeneity of schooling is accounted for through the use of instrumental variables. For example Maluccio (1998) uses distance to school as an instrument for estimating return to schooling in the Philipines, Duflo (2001) uses a school construction program as the instrument in Indonesia, and Patrinos and Sakellariou (2005) instrument account for endogeneity of schooling by the change in the compulsory schooling law in Venezuela.
Instrumental variables estimates (IVE) could be good guides for education policy if the return to schooling is assumed to be common for all individuals in the economy. In that case IVE identifies the average treatment effect and a single parameter is sufficient to characterize the mean impact of schooling on wages. However, when the return to schooling varies across population and individuals decide to participate in schooling based on their idiosyncratic gains, the standard features of IVE break down and mean impact parameters are not generally recoverable. In this setting IVE estimates are identified but not easily interpretable (see Imbens and Angrist, 1994 , Card, 2001 , Carneiro, Heckman and Vytlacil, 2006 .
For instance, consider a hypothetical comparison of two educational programs that assumes absence of general equilibrium effects: compulsory schooling or tuition subsidies. The two programs may attract different groups of individuals:a tuition subsidy attracts people with positive net benefit, while compulsory schooling policy affects the entire population. Hence, compulsory education may even have a lower average individual impact on wages, by virtue of who is attracted, than a policy of tuition.
Therefore, it is useful to move beyond instrumental variables estimates, and analyze how the returns to schooling vary across individuals, and who are the individuals most likely to be induced to go to school by a specific policy or a reform (e.g., Heckman and Vytlacil, 2001) .
In this paper we estimate average and marginal returns to upper secondary schooling in Indonesia, using data from the Indonesia Family Life Survey (IFLS). Our estimates of the returns to schooling are slightly higher than the returns to schooling for Indonesia found in Duflo (2000) with the qualification that the dataset, the instrumental variable, and the time period are not the same. However, unlike Duflo (2000) we allow for a more general empirical model that relaxes the common impact assumption, and explicitly accounts for the unobserved heterogeneity by using the method of local instrumental variables . Instead of focusing on a single instrumental variable parameter, we estimate a range of returns for different individuals. In particular, we estimate the Marginal Treatment Effect, a parameter introduced by Bjorklund and Moffitt (1987) . Our results indicate that the return to upper secondary schooling varies significantly across individuals: it can be as high as 200% or as low as 0% depending on unobservable characteristics. Our methods allow us to estimate interpretable population estimates of returns such as average treatment effect (ATE = 86.3%), treatment on treated (ATT=102.3%) and treatment on untreated (ATU = 77.85%.). We find that despite the heterogeneity, the return for the average individual (ATE) with upper secondary schooling is very similar to the IV estimate, however this is not guaranteed to happen.
The next secion discusses the data, Section 3 presents the econometric framework which is used in section 4 to understand the importance of heterogeneity and selection in the returns to schooling. Section 5 concludes.
Data
We use the third wave of the Indonesia Family Life Survey (IFLS3) fielded in 2000 1 .
Our sample consists of 2445 adults aged 25-60 who are employed in the labor market, reported non-missing wages and provide information on schooling and their place of residence at age of 12. 
A Semi-Parametric Selection Model
Our empirical strategy is based on the framework developed by Vytlacil (2000, 2005) and Carneiro, Heckman and Vytlacil (2005) . In order to understand the patterns of heterogeneity and selection in the returns to schooling in Indonesia we estimate a selection model with two schooling levels: 
Notice that the return to schooling is
and it varies across individuals with different X's and different U 1 , U 0 . For identification Z must be independent of U 1 and U 0 . Furthermore, Z needs to be continuous and with large support, and it has to be a strong determinant of the schooling decision. In practice we will use a stronger assumption: X,Z is independent of U 1 , U 0 , U S . As a result, instead of requiring continuity and large support in Z, we only require these for P(Z). 2 The main parameter of interest in our analysis is the marginal treatment effect (or MTE, a parameter introduced in Bjorklund and Moffitt, 1987 , and developed in Heckman and Vytlacil, 1999 , 2000 that in our notations can be expressed as:
The MTE measures how the average return to schooling varies for individuals with different levels of observed (X) and unobserved (V) heterogeneity.
Assuming that the unobservables in the wage and selection equations are jointly normally distributed the MTE can be estimated a standard switching regression model (see Heckman, Tobias and Vytlacil, 2001) . That model relies on strong assumptions about the distribution of the error terms in equation (1). Instead, we use the method of local instrumental variables (Heckman and Vytlacil, 2000) that imposes no distributional assumptions on the unobservables of the model. In particular, Heckman and Vytlacil (2000) show that:
Where,
is a function of P). Therefore, taking the derivative of (8) with respect to P, (7) becomes:
Our estimation procedure has several steps. First, we estimate the propensity score P assuming a probit model for the selection equation. Then we examine the support of P for individuals with S = 0 and S = 1. The MTE can only be estimated over the points of P in the intersection of these two sets (common support). We regress log wages on a set of explanatory variables (X), interactions of explanatory variables and the propensity score, and on the third degree polynomial of propensity score. We exclude from our sample observations for which there is little overlapping support. Next, from (8) we compute the residual that only retains the unobserved heterogeneity:
and run a nonparametric (local quadratic) regression of R on P to obtain K(P) and to
derive K'(P). A simple test of heterogeneity in the impact by unobserved characteristics is a test of whether K'(P) is flat, or if E(Y |X, P) is nonlinear in P.
If the derivative is flat heterogeneity is not important.
Conventional treatment parameters such as the Average Treatment Effect (ATE), Average Treatment on the Treated (ATT) and Average Treatment on the Untreated (ATU) can be estimated as weighted averages of the MTE for the corresponding subpopulations, as proposed by Vytlacil (2000, 2005) . In particular:
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Empirical Results

Validity of IV
To account for the fact that schooling is unlikely to be exogenous in the population we instrumented the schooling choice with the distance to the nearest secondary school, measured in traveling time 3 . We argue that the distance to school at should affect the probability of schooling and should have no effect on the adult wages.
Distance to the nearest school has been used as an instrument for schooling by Card (1995), Kane and Rouse (1995) , Kling (2001) , Currie and Moretti (2003) , Cameron and Taber (2004) and Carneiro, Heckman and Vytlacil (2006) . However, its use is not uncontroversial, because families and even schools may not randomly locate across Indonesia. For example, Carneiro and Heckman (2002) and Cameron and Taber (2004) show that individuals living closer to universities have higher levels of cognitive ability and come from better family backgrounds. Therefore, it is important to control for characteristics capturing the location decision of the household. In our paper we include both household characteristics, such as parental education, and village characteristics, such as an indicator for whether the individual was living in a city or village at age 12, and dummies for the province, district and sub-district of residence. Therefore our identification comes from variation in school availability or distance to school between villages located within the same sub-district; our assumption is that, conditional on these detailed household and location controls, the location of schools is exogenous.
First, in Table 2 we examine whether distance to upper secondary school is correlated with the number of repeated grades as a measure of early school success, and whether the individual worked while in primary school, a measure of early educational environment. If our instrument is valid it should not be correlated with such early measures. Our results show no apparent correlation between distance to school and these measures, increasing our confidence in the validity of the instrument. This is true even after excluding several village and family controls from the regression.
Standard estimates of returns
In Table 3 we also show that distance to the nearest secondary school is a strong predictor of enrolment in secondary school. We include distance to health post as a proxy for location characteristics and reassuringly unlike distance to school, distance to health post does not predict school enrollment. We include all the Xs and the distance to upper secondary school, measured in time (minutes) at the time of the survey. We use log hourly wage in 2000 as our dependent variable. In order to compare our estimates with the rest of the literature, we present the results of OLS and IV linear regressions of log wages on years of schooling. We also report the coefficients on our instruments in the first stage regression, as well as an F-test for their joint significance. The first column in Table 3 shows an OLS estimate of the return to schooling of 10%. The second column shows first stage of the 2SLS, that the distance to school is negatively related to school attainment: the coefficient is negative (the F-statistic is 7.98). Finally, column 4 shows the IV estimate of the return to schooling, which is about 14.7%. Our estimates of return to schooling are higher than those by Duflo(2001) , although our wage data is slightly more recent. As in Duflo (2001) and the rest of the literature, IV estimates of the return to education are larger than OLS estimates of this parameter. As argued in Griliches (1977) and Card (2001) , at first sight we would not expect the IV estimate to be above the OLS estimate. However, if the return to schooling varies across individuals this may well happen. Card (2001) suggests that such a finding indicates that the marginal individual induced to enroll in school by the change in the instrument has a higher return than the average individual. Carneiro, Heckman and Vytlacil (2006) show that IV estimates can be above OLS estimates even if the marginal individual has a lower return than the average, and show this to be the case for college attendance in the US. Another reason why IV can exceed OLS is measurement error in schooling. Although schooling is relatively well measured in the US (Card, 1999) and other developed countries, that is not necessarily the case in Indonesia. In the remaining of this paper we ignore measurement error, and focus instead on heterogeneity.
Since the remaining of the paper deals with the case of binary schooling, it is convenient to replicate 
Average and Marginal Treatment effect estimates
In order to calculate the average and marginal treatment effect we define two schooling categories: i) completed lower secondary or below, and ii) attendance of upper secondary or above. This division ignores the fact that in reality there are many more levels of schooling, but it simplifies the model and is standard in many studies of the returns to schooling (e.g., Willis and Rosen, 1979 , Taber, 2001 , Carneiro, Heckman and Vytlacil, 2005 . Furthermore, we lack exogenous variation for every schooling transition to estimate a model with more than one level of schooling. Therefore, the estimated return parameters in the case of two schooling categories should be interpreted as the return to upper secondary schooling or above. We construct P as a predicted probability of a probit regression of schooling on the X and Z variables of section 3. The coefficient on the distance variable is strong and negative. The coefficients on the Xs have the expected signs, parental education is positively related to school attendance and individuals who lived in the village at age 12 are less likely to go to upper secondary school. Table 6 shows the bootstrapped results for a simple test of essential heterogeneity, described in section 2, where the coefficients on the non-linear terms of P are statistically significant. Therefore the MTE is not flat, which means that heterogeneity in returns is important empirically. The main treatment parameters are presented in table XXX (5%-95% bootstrapped confidence intervals are presented in parenthesis). ATE is the average treatment effect;
TT is treatment on the treated and TUT is treatment on the untreated. In reality these parameters are not identified in our data because we do not have full support. As mentioned above, the correct way to interpret these numbers is conditional on the observed support of the data (0.05 < P < 0. 
Conclusion
In this paper we estimate the returns to upper secondary schooling in Indonesia using data from the IFLS. We estimate that ATE = 86.3%, ATT = 102.3% and ATU = 77.85%.
We find that there is a considerable degree of heterogeneity in returns to schooling, with returns being as high as 150% for individuals very likely to attend upper secondary schooling and as low as 0% or even negative for those who are not likely to attend.
Indonesia has an impressive record of educational expansion since 1970's. The enrollment rates are nearly universal for elementary schooling and are around 75% for the secondary education. There is ongoing effort to extend universal education attainment to the secondary level. And although enrollment in secondary education continues to rise we find striking inequality in returns to education. The individuals who are most likely to be attracted by educational expansion at the upper secondary level are also the ones with the lowest returns. The policy relevant question arises, whether efforts at educational expansion can also bridge the gap in the inequality in returns. There is a growing body of literature that argues that human capital outcomes later in life are largely determined early in life (Cunha and Heckman, 2007; Heckman and Masterov, 2007) . It is therefore important for the design of schooling policy to determine whether the inequality in secondary schooling outcomes can be remedied at earlier stages for example during elementary education or even earlier.
In an impressive drive to increase the quantity of education, there should be a renewed emphasis on quality of education that ensures a more relevant learning environment for the disadvantaged children that reduces the inequity in lifetime outcomes. This can be achieved by raising the return for the marginal student, and therefore the increased equity need not cost in terms of efficiency. 
